) networks, different aspects of radio resource scheduling such as fairness and Quality of Service (QoS) assurance must be provided for heterogeneous traffic, having different characteristics. However, the ever-growing number of mobile devices sharing the limited radio resources leads to the high cost and difficulty for information acquisition and computations in resource scheduling process. In the present paper, we propose a proportional knapsack scheduling approach for fairness-and QoS-aware downlink transmission of all different service classes in LTE-A networks. Moreover, we assess the computational cost created by the uncertainty and lack of information on user operations, and propose a Gaussian-based approach for ranking the bearers in presence of limited information and computational capabilities. This approach is particularly suitable for emerging next generation wireless networks to support a wide range of applications with huge number of users. The results indicate that significant advantages are achieved both in terms of QoS and fairness and that it is a scalable solution for overload states of the network.
I. INTRODUCTION
The Long Term Evolution-Advanced (LTE-A) networks, as one of the most promising technologies toward realizing the performance targets of the next generation wireless broadband systems, need to struggle with a variety of radio resource management challenges. Radio resource scheduling mechanism plays one of the main roles in system performance maximization [1] . Any efficient scheduling approach, answering all performance targets, depends heavily on a big amount of information such as users' experienced throughput, queue and channel state information, and service-specific characteristics. Access to all this information would be infeasible for the base stations in overload states of the network and particularly in the next generations of mobile communication networks which contain a huge number of users. Therefore, multi-targeted resource scheduling approaches in such networks cause excessive complexity [2] and simplification schemes will need to be developed. Furthermore, the LTE-A service control mechanism specified in the Evolved Packet System, handles users' packet forwarding treatment without any concern of fairness in tradeoff with Quality of Service (QoS) [3] .
In [4] , the authors apply a priority-based queue length scheduling approach to guarantee QoS requirements to the users from various traffic classes. References [5] and [6] propose radio resource management schemes with the aim of QoS provisioning for multimedia traffic especially vehicular services and Voice over IP services, respectively, while ignoring other kinds of services. An intelligent delivery of the multicast services is provided in [7] by exploiting the properties of subgrouping policies based on the bargaining games. Overload-state resource scheduling of multicast services are studied in [8] , correspondingly. Despite recent advancements in LTE/LTE-A networks' radio resource scheduling approaches, most of them mainly concentrate on special aspects such as interference mitigation with lack of concern for the other important aspects such as fairness and QoS provisioning in overload states (in terms of number of users/amount of traffic) of the network, information shortage and limited computational capacities.
To address these challenging issues, we develop a novel theoretical approach to analyze the fairnessQoS-aware radio resource scheduling problem in overload states of the LTE-A network. In this regard, the main contribution of this paper is twofold: i) The problem is formulated to the proportional fractional knapsack model and then it is solved by using the sampling solution, in which the highest valued bearers from different service classes (heterogeneous traffic) are scheduled proportional to their distribution in a fair manner. ii) Moreover, to overcome the difficulty in acquisition and computation of the huge amount of users' information, a Gaussian-based simplification method is proposed, which makes it quick to acquire the performance maximization objective of the resource scheduling optimization problem. This formulation considers all standard predefined QoS and data rate constraints while capturing throughput factors of the users in an intelligent weighting function. At the end, the provided simulation results demonstrate that more efficient performance can be achieved by using the proposed scheduling approach in two aspects of fairness and QoS in terms of normalized throughput, packet loss and delay rate.
II. SYSTEM MODEL
We consider downlink resource scheduling scenario of the LTE-A cellular network based on the OFDMA access strategy associated with an E-UTRAN NodeB (base station) and units of user equipment as depicted in Fig. 1 . The dynamic resource scheduling mechanism, relying on the bearer-level architecture, contains two main phases of resource distribution and resource allocation. Suppose that i ∈ N = {1, 2, . . . , n} denotes the index of the bearers waiting for resource scheduling. Each bearer i is assigned to an individual service class with label k ∈ K = {1, 2, . . . , κ} (κ = 9, as standardized in [10] ) and transmits data over |RB i | resource blocks. The RB i is set of the resource blocks dedicated to the bearer i, where RB i ⊂ RB and RB is set of all available system resource blocks. r i,rb (t) is the achieved throughput by bearer i over the rb th resource block at a given time transfer interval t and T denotes the number of time intervals. Then r i (t) denotes the overall throughput of bearer i at time interval t. It is computed by summation of the bearer's throughput over whole set of resource blocks assigned to that bearer at the given time as follows
In this regard, we describe a resource scheduling approach that would insure all bearers get at least a certain fraction of the total system throughput. Let ϕ i be the minimum fraction of the total system throughput, r, which is required by bearer i to transmit its data. Accordingly the long-term fairness target can be stated by the following expression ∀i ∈ N : lim inf
while ϕ i ≥ 0 and
Here, ϕ i indicates the intended fairness in terms of throughput.
III. BEARER-LEVEL RADIO RESOURCE SCHEDULING
Here, we introduce a multi-targeted resource scheduling solution to distribute resources fairly among the bearers, while keeping in check the QoS requirements for every class of traffic.
A. Proportional Fractional Knapsack Model
Downlink class-based resource distribution scenario can be mapped to a proportional fractional knapsack model with minimal manipulation. Let consider n bearers queued at the buffer of eNodeB, waiting for scheduling. Every bearer i k has three different characteristics: class index k, size s i k and weight value ρ i k . Suppose that there are n k bearers in each class k, while summation of the bearers in all classes is equal to the total number of bearers waiting for scheduling (i.e. κ k=1 n k = n). Then size of each class, S k , and the total size of the whole queued bearers, S, are respectively defined as
We want to fill the knapsack with a capacity equal to the number of available system resource blocks, B, by the queued bearers such that i.
The total weight of the selected bearers should be maximum. ii.
The proportion of the number of selected bearers from class k should be close to S k /S. iii.
The total size of the selected bearers should be less than or equal to B.
According to these specifications, the corresponding proportional fractional knapsack model of the fair resource distribution is defined by the nonnegative real number B, finite set of bearers N and two nonnegative vectors ρ ∈ IR N and s ∈ IR N verifying
and
where x i k is the proportion of bearer i from class k selected for scheduling. Number of the resource blocks which are required for transferring data packets of the bearer i defines the bearer size s i k . Further, the weight value of a given bearer which indicates the importance level of that bearer for scheduling, is computed by using a normalized weighting function compromising the QoS and throughput factors.
Theorem 1 The above-defined proportional fractional knapsack problem of the resource distribution is an NP-hard problem.
Proof. A proof method for the NP hardness of the 0-1 proportional knapsack problem has been provided in [11] . Since our defined problem is the fractional version of 0-1 proportional knapsack, with the only difference that we can select individual packets from the bearer queue and are not forced to select all or nothing from each bearer, therefore proportional fractional knapsack problem of the resource distribution, is an NP-hard problem too.
If we come up with a subset of the highest weighted bearers such that, for each class the proportion of the number of that class's bearer selected for scheduling and the proportion of the number that class's bearer waiting for scheduling is almost the same, and the total size of the selected bearers not overloading the available resources, then the problem is solved. Accordingly, our aim is to find such a solution.
B. Class-based Proportional Solution
Since the proportional fractional knapsack problem of the resource distribution is NP-hard, tackling it with a heuristic procedure is a normal approach. We assume that all three mentioned objectives (i, ii, and iii) have the same importance. Therefore, it leads us to a solution that provides all them in balance. Let set X = {x 1 , x 2 , . . . , x n } indicates any feasible solution, here called sample. First, we determine the size of each class inside the sample by considering two later objectives (5) and (6); then, find the optimal set of the bearers from each class, fitting the predefined size of that class and satisfying the first objective (4) in order to ensure that the optimal solution will be found. Let
be the proportion of the selected bearer i k . Therefore, the sample size for each class is denoted by L k , and can be demonstrated as
then the total sample size L, which is summation of the size of all κ classes, is defined as
According to (5) and (6), it is desired that
Then, by replacing L with B in (9) we can calculate the sample size L k , for each class k = 1, ..., κ, as
where B/S denotes the closest integer value to B/S. After calculating the L k , which is the number of bearers from class k in the desired sample, we continue with the next step to choose the optimal set of the bearers from each service class, according to the first predefined objective, fitting the size L k .
C. Objective Simplification by Gaussian Weights
In this section, we first show that the performance maximization objective stated in (4) is a complicated stochastic version of the knapsack model. Thereupon, we try to overcome this problem and decrease the computational complexity by simplifying the objective function, using the summation property of the weight random variable.
The main uncertainty in this stochastic optimization problem is the weight value of each bearer which is distributed normally. Let consider the weight value of the bearers, at any time interval t, is denoted by a random vector ρ(t) = (ρ i (t) : i ∈ N ). Therefore, the respective objective function in (4) with stochastic random weight values for every time interval t can be written as
Since ρ(t) values are random variables, we operate with expected random values rather than the actual values. With this perspective in mind, the expected value of ρ(t) is E[ρ(t)] = ρf (ρ)d ρ , where E denotes the expected value operator and f is the density function of the random vector ρ. The main difficulty in every time transfer interval is the number of scenarios to consider for evaluating the objective function, containing many variables and computations. As already mentioned, the overall weight ρ i for a given bearer i can be calculated by using an aggregated normalized weighting function which is a combination of the normalized value ϑ j of influential parameter j ∈ {delay, loss, queuedepth, priority, throughput}, and can be defined as [9] ρ i (t) = j p j . tanh(ϑ j ).
In case of the four former influential parameters, the respective normalized values are computed by using the user's information and here we consider them as a known value A ≥ 0. However in case of throughput parameter, the normalized value is computed by utilizing the feed-back information including Channel Quality Indicator value and the past average throughput. Let model the normalized value of bearers' throughput by a random vector R(t) = (R i (t) : i ∈ N ), which can take value in a finite set R(t) ⊂ [0, +∞) and for all t = t , R i (t) and R i (t ) are independent and have the same distribution. Here, we consider the generalized form of the problem for ease of exposition. By separating the known value A from the stochastic random variable R(t), the aggregated normalized weighting function (13) can be written as
Then, by replacing ρ i (t) and discarding index k for simplicity, the consequent objective function (12) is redefined as
where
Ri and f is the density function of the random variable R i . If we consider υ(x) as the resource function which computes the expected optimal value of the second part of the objective function (15), and R i as the only resource variable with the coefficient equal to 1, then υ(x) can be defined by
In each iteration, the solution technique needs to evaluate many times the resource function which is an integral of n variables. It results in a big number of scenarios to consider for evaluating the objective function, containing many variables and computations.
The R(t) of each bearer is independent of the other bearers and we assume that the sample size of each bearer class, computed in previous section, is sufficiently big so that the central limit theorem can be employed. The central limit theorem indicates that big number of independent observations from any distribution tends to be a normal distribution. Therefore, it follows from the assumptions and the central limit theorem, that R i (t)s are normally distributed. Consequently according to the summation property, if R 1 , R 2 , . . . , R n are independent Gaussian random variables such that R i ∼ N (μ i , σ 2 i ) with mean μ i and variance σ i , then υ(x) = x i R i (t) follows a Gaussian distribution with mean μ(x) = x i μ i and variance
Then, it is easy to show that since
2 ) then we can express υ as follows [12] 
where Φ denotes the standard normal cumulative distribution function. Therefore, the optimization problem of (15) with Gaussian weights can be formulated by υ(x) as
which is a concave function of binary variables, therefore it can be computed quickly.
IV. PERFORMANCE EVALUATION

A. Simulation environment and parameters
We consider an LTE-A cell under sequences of the overload traffic, where the users are ranked for scheduling by applying the Gaussian weights and with the knapsack policy being the resource allocation algorithm. The goal of the scheduling system is to efficiently distribute and allocate resources to the users which gains the highest performance rewards in term of QoS and fairness provisioning. Performance of the proposed Gaussian-knapsack scheduling approach is evaluated in comparison with the performance of Knapsack and Priority-only algorithms as the reference approaches. The Priority-only algorithm serves the queued bearers waiting for resource allocation according to the priority queuing approach, so that the bearer with higher QoS priority is served preferentially. The same simulation platform and parameters stated in Table I are applied. This simulation environment was implemented based on the LTE-A cellular network characteristics, defined in 3GPP verification framework, while comprehending scheduling aspects of eNodeB. The voice and data traffic were modeled by means of the exponential distribution function and aggregate self-similar pattern respectively to be realistic models, particularly in overload states. The assumed 10MHz bandwidth consists of 50 RBs per spectrum allocation in time-frequency domain. A mixed traffic scenario composed of a stochastic distribution of normal and overload time-intervals was imposed, where there is a mixture of different traffic types from all service classes. Here, we consider the standardized service classifications where heterogeneous traffic is categorized into Guaranteed Bit Rate (GBR) and Non-Guaranteed Bit Rate (Non-GBR) categories and subsequently classified into the pre-defined QoS classes, indexed by QoS Class Indicator (QCI).
B. Results and Discussion
Fairness performance of the proposed Gaussianknapsack approach is evaluated by computing the normalized average throughput per QCI class which represents the ratio of each QCI class's throughput over the long term of simulation time to the accumulated average throughput of all classes. To evaluate the fairness performance in balance with the QoS, the normalized throughput results for GBR and Non-GBR classes are shown separately in Figs. 2 and 3 respectively. These figures illustrate the difference between the normalized amount of throughput realized by different QCI classes, having the same amount of traffic to transmit. Fig. 2 shows the distribution of the normalized throughput with respect to the QCI index for GBR classes. In this figure, it can be seen that large portion of the normalized throughput is dedicated to QCI1 (conversational voice traffic) and QCI3 (realtime gaming traffic), possessing the highest priority and most sensitive to delay. However, the proposed Gaussian-knapsack approach tried to make the same level of satisfaction among individual classes, in terms of average throughput, almost near to each other. In Fig. 2 . GBR category normalized throughput distribution Fig. 3 . Non-GBR category normalized throughput distribution this regard, the normalized throughput of QCI1 and QCI3 decreased for the sake of increasing normalized throughput of QCI2 and QCI4 to make a better level of fairness. These results get closer to the ideal value of one, indicating better level of fairness among the classes. Accordingly in Non-GBR batch of QCI classes (Fig. 3) , the normalized throughput of QCI 6 and QCI7 decreased in favor of the increasing normalized throughput of QCI9 to make a better level of fairness. The fairness improvement comes from the fact that the proposed approach makes the resource sharing decision by adopting the class-based proportional fair metric, while keeping in check the size of the bearers waiting for scheduling in each class.
The QoS performance of the proposed approach in compare with the reference ones is presented in terms of system packet loss ratio and system packet latency through Figs. 4 and 5 respectively. The QoS results of Gaussian-knapsack are almost similar to the Knapsack's results, since they both apply the same QoS provisioning policy via the aggregated weighting function. System loss rate of the proposed approach is improved while 90% of the system traffic experience 170, 100 and 90 Kbps loss over the Priority-only, Knapsack and Gaussian-knapsack respectively. The maximum packet latency experienced by the traffic using the Gaussianknapsack approach is 150 ms and using the Knapsack scheduler is around 180 ms. In case of Priority-only scheduler, system latency increases until 480 ms.
V. CONCLUSION
This paper addressed LTE-A resource scheduling with QoS and fairness constraints for different service classes in overload states of the networks. An efficient resource scheduler in base station, answering system performance targets, needs enough information on users' operations and specified requirements such as user's throughput gains and service constraints. Access to all these information would be infeasible for base stations particularly in emerging hierarchical networks containing a huge number of users. We described a proportional fractional knapsack model, in which the highest valued bearers from different service classes are scheduled for resource allocation proportional to their distribution in a fair manner. To cope with the difficulty in information acquisition and high computations, we proposed a Gaussian-based bearer weighting method which simplifies the performance maximization objective. The simulation results indicate that significant advantages are achieved both in terms of QoS and fairness. The significance of this work is that the proposed Gaussian-knapsack approach can be applied to LTE-A for supporting highbandwidth demands Internet of Things (IoTs).
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